Recursive Partitioning Algorithm (RPA) is introduced as a technique for credit scoring analysis, which allows direct incorporation of misclassification costs. This study corroborates nonagricultural credit studies, which indicate that RPA outperforms logistic regression based on within-sample observations, However, validation based on more appropriate outof-sample observations indicates that logistic regression is superior under some conditions. Incorporation of misclassification costs can influence the creditworthiness decision.
icies, and improving the safety and soundness of agricultural lending. Improved financial information systems have allowed agricultural lenders to more readily collect and retain data regarding the creditworthiness of borrowers. As such databases are populated the ability to monitor changes in creditworthiness overtime improves, and the need to explore new methods to estimate credit-scoring models increases.
Within the agricultural financial literature various nonparametric and parametric methods have been used to estimate credit-scoring models, such as experience-based algorithms (Alcott; Splett et al.), mathematical programming (Hardy and Adrian; Ziari, Leatham, and Turvey), logistic regression (Mortensen, Watt, and Leistritz), probit regression (Lufburrow, Barry, and Dixon; Miller et al.) , discriminant analysis (Hardy and Weed; Dunn and Frey; Johnson and Hagan) , and linear probability regression (Turvey). There is not unanimous agreement as to the best method for estimating credit-scoring models and new methods continue to be researched.
Most recently, the logistic regression has dominated the agricultural credit-scoring literature (Miller and LaDue, Turvey and Brown, Novak and LaDue, Splett et al.) . Logistic regression succeeded discriminant analysis as the parametric method of choice, primarily based on its more favorable statistical properties (McFadden) . Turvey reviews and empirically compares agriculture credit-scoring models using four parametric methods with a single data set. He recommends logistic regression over probit regression, discriminant analysis, and linear probability regression based on predictive accuracy and ease of use, in addition to the favorable statistical proper-ties previously mentioned. Logistic regression improves on some of the statistical properties of discriminant analysis and linear probability regression; however, it still possesses numerous statistical problems common to most parametric methods. These problems include (1) the need to pre-select the exact explanatory variables without well-developed theory, (2) inability to identify an individual variable's relative importance, (3) reduction of the information space's dimensionality, and (4) limited ability to incorporate relative misclassification costs.
Non-agricultural studies have used the Recursive Partitioning Algorithm (RPA) to classify financially stressed firms. RPA is a computerized, nonparametric classification method that does not impose any a-priori distribution assumptions. The essence of RPA is to develop a classification tree that partitions the observations based on binary splits of characteristic variables. The selection and partitioning process occurs repeatedly until no further selection or division of a characteristic variable is possible, or the process is stopped by some predetermined criteria. Ultimately the observations in the terminal nodes of the classification tree are assigned to classification groups. Friedman originally developed RPA. A thorough theoretical exposition of RPA is presented in Breiman, et al. A more practical exposition of the computational aspects of RPA and a comprehensive bibliography of research using RPA are presented in the CART software documentation (Steinberg and Colla). RPA has been applied to many areas of research, such as behavior economics (Carson, Hanemann, and Steinberg) , wildlife management (Grubb and King), and livestock management (Tronstad and Gum), but it has not been applied to agricultural credit-scoring.
Several non-agricultural financial stress classification studies indicate RPA outperforms the other parametric and judgmental models based on predictive accuracy. Marais, Patell, and Walfson compare RPA with a polytomous probit regression to classify commercial loans for publicly and privately held banking firms. Frydman, Altman, and Kao compare RPA with discriminant analysis to classify firms according to their degree of financial stress. Srinivasan and Kim compare RPA with discrirninant analysis, logistic regression, goal programming, and a judgmental model (the Analytic Hierarchy Process) to evaluate the corporate credit granting process.
Each of these studies uses cross-validation and the associated expected cost of misclassification to evaluate the RPA models. A shortcoming of these studies is that they do not use intertemporal (ex ante) predictions to compare and evaluate the models. Prediction is the basic objective of credit-scoring models (Joy and Tofeson). Credit-scoring models should not be limited to classifying borrowers in the same time period. The "true" test is their ability to classify borrowers in the future.
The primary purpose of this study is to introduce RPA as a method for classifying creditworthy and less creditworthy agricultural borrowers, and compare RPA to the logistic regression. This study also challenges the RPA's superior prediction accuracy, as purported in the financial stress classification literature. In this study, RPA models are evaluated based on minimizing the expected cost of misclassification for creditworthy and less creditworthy borrowers in out-of-sample periods. The remainder of the paper is divided into five sections. The first section presents the specifics of the RPA. The second section discusses the advantages and disadvantages of and the differences between the RPA and logistic regression. The third section describes the data. The fourth and fifth sections present the creditworthiness models and empirical results, respectively. The final section summarizes the paper's results.
Recursive Partitioning Algorithm
In this section, a hypothetical RPA tree growing process is presented and the terminology is introduced, To understand the tree growing process, a hypothetical tree is illustrated in Figure 1 . It is constructed using classification groups i and j, and characteristic variables A and B. 1Throughout the paper the classification groups are limited to two, but in general classification groups can be greater than two. To start the tree-growing process all the observations in the original sample, denoted by N, are contained in the parent node which constitutes the first subtree, denoted TO (not really a tree, but we will call it one anyway). TOpossesses no binary splits and can be referred to as the naive classification tree. All observations in the original sample are assigned to group j or i, based on an assignment rule. The assignment of TOto either group i or j depends on misclassification costs and prior probabilities. When misclassification costs are equal to each other and prior probabilities are equal to the sample proportions of the groups, TOis assigned to the group with the greatest proportion of observations, minimizing the number of observations misclassified, When misclassification costs are not equal and prior probabilities are not equal to the sample proportions of the groups, TO is assigned to the group that minimizes the observed expected cost of misclassification.2 1Characteristic variables are analogous to independent variables in a parametric regression.
2The observed expected cost of misclassification = cijwin,,(T)/N, +cJ,r,nJ,(T)/N,, where c,, (c,,) is the cost of misclassifying a group i (j) observation as a group j (i) observation; w, (T,) is the prior probability of an observation belonging to group i (j); n,J(T) (nJ,(T)) is the total number of group i (j) observations misclassified as j (i) in the entire tree T, and N, (N,) is the number of original observations from group ifi).
To begin the tree-growing process, RPA methodically searches each individual characteristic variable and split value of the characteristic variable. The computer algorithm then selects a characteristic variable, in this case A, and a split value of the characteristic variable A, in this case al, based on the optimal univariate splitting rule.3 The optimal splitting rule implies that no other characteristic variable and split value can decrease the impurity or, in other words, the misclassified observations, taking into account misclassification costs and prior probabilities in the two resulting descendent nodes. In this particular illustration, A is the characteristic variable selected and al is the "optimal" split value selected by the computer algorithm. Observations with a value of characteristic variable A less than or equal to al will "fall" into the left node and the observations with a value of characteristic variable A greater than al will "fall" into the right node. The resulting subtree, denoted by Tl, consists of a parent node and a left and right terminal node. The right terminal node is labeled Sub-Node 1 in Figure  1 because the tree continues from that node. The terminal nodes in the subtree are then assigned to groups, i or j, based on the assignment rule of minimizing observed expected cost of misclassification. TOand T1 are the beginning of a sequence of trees that ultimately concludes with T~.X. However, in some cases T, may also be T~,X depending on the predetermined penalty parameters specified. If T, is not T~,X then the recursive partitioning algorithm continues.
In this illustration, T1 is not T,.,X, so the partitioning process continues. Now B is the characteristic variable selected and bl is the "optimal" split value selected by the computer algorithm. The right node becomes an internal node and the observations within it are partitioned. Observations with a value of char3The univariate splitting rule implies splitting an axis of one variable at one point. This study is limited to univariate splitting rules; however, CART has the capability to split variables using linear combinations of variables. The resulting classification trees are usually very cumbersome and difficult to interpret when linear combination splitting rules are used. acteristic variable B less than or equal to bl "fall" into a new left node and observations with a value of characteristic variable B greater than b, "fall" into a new right node. The new left (labeled Sub-Node 2 in Figure 1 ) and right nodes become terminal nodes in T2, and the left node in T1 still remains a terminal model in T2. All three terminal nodes in Tz are then assigned to classification groups, i and j, based on the assignment rule of minimum observed expected cost of misclassification.
Here again, Tz does not minimize the ob- 
RPA and Logistic Regression Comparison
In this section the advantages and disadvantages of and the differences between RPA and logistic regression are discussed. One basic difference between RPA and logistic regression is the way RPA selects variables. A credit-scoring model developed using RPA does not require the variables to be selected in advance. The computer algorithm can select variables from the predetermined group of variables, without subjective influences or violating parametric assumptions.
Other differences are that RPA places no limit on the number of times a variable can be selected; the same variable can be selected numerous times and appear in different parts of the tree. All selected variables are predicated on the preceding variables. RPA never looks ahead to see where it is going nor does it try to assess the overall performance of the tree during the splitting process. The tree growing process is intentionally myopic. Furthermore, outlier values do not significantly influence RPA: all splits occur on non-outlier values. Once the optimal split value for a variable is selected, the outlier observation is assigned to a node and the RPA procedure continues. In contrast, logistic regression allows each variable only to appear once in the model and can be severely affected by outlier values.
An advantage of RPA over the logistic regression methods is that RPA analyzes the univariate attributes of individual variables. RPA selects the optimal split value of the characteristic variables, and surrogate and competitive variables, along with their optimal split values listed in order of importance. The lists of surrogate and competitive variables provide additional insight and understanding to the predictive structure of the individual variables. Surrogate variables mimic the selected variable's ability to replicate the size and composition of the descendent nodes. Competitive variables are defined as alternative variables to the selected variables with slightly less ability to reduce impurity in the descendent nodes.
While lacking in variable selection and insight, logistic regression does have advantages. Logistic regression provides an overall summary statistic. The overall summary statistic can be used to evaluate and compare models. Logistic regression also assigns a predicted probability of creditworthiness to each individual borrower. Often lenders want a quantitative assessment of the borrower's creditworthiness, not just a method of classifying borrowers as creditworthy or less creditworthy. RPA can classify observations into creditworthy or less creditworthy groups, but cannot estimate a credit score for each individual borrower.
The two methods differ in the way they divide the information space into classification regions. IWA repetitiously partitions the information space as the tree is formed. A graphical illustration is presented in Figure 2 ; it is based on the hypothetical RPA tree in Figure 1 . RPA partitions the information space into four rect- The two methods also differ in the manner in which they incorporate misclassification costs and prior probabilities. RPA uses misclassification costs and prior probabilities to simultaneously determine variable selection, optimal split values, and terminal node assignments. Changes in the misclassification costs and prior probabilities can change the selected variables and the optimal split values, and, in turn, change the structure of the classification tree. In contrast, logistic regression is usually estimated without incorporating misclassification costs and prior probabilities. However, after the logistic regression is estimated, a prior probability can be used to classify borrowers as creditworthyfless creditworthy. Despite the differences in the two methods, the RPA and logistic regression methods can be integrated. RPA can select the relevant variables from a predetermined set of variables. The variables then can be employed in the logistic regression.
In addition, the predicted probabilities from the logistic regression can be used as a variable in the predetermined group of variables from which the RPA model selects. Whether, and at what level, RPA selects the predicted probability variable to be part of the classification tree can provide evidence for or against logistic regression.
Data
The data for this study were collected from . Data for these seventy farms are analyzed in this study. Such a data set is critical in studying the dynamic effects of farm creditworthiness.4 The farms represent a segment of New York State dairy farms, which value consistent, annual financial and manage4Two types of estimation biases that typically plague credit evaluation models are choice bias and selection bias. Choice bias occurs when the researcher first observes the dependent variable and then draws the sample based on that knowledge. This process of sample selection typically causes an ''oversampling" of financial distressed firms. To overcome choice bias, this study selects the sample first and then calculates the dependent variable, The other type of bias plaguing credit evaluation models is selection bias. Selection bias is a function of the nonrandomness of the data and can asymptotically bias the model's parameters and probabilities (Heckman). Selection bias typically can affect credit evaluation models in two ways. First, financially distressed borrowers are less likely to keep accurate records; therefore, these borrowers would tend not to be included in the sample (Zmijewski). Second, when panel data are employed there may be attrition of borrowers from the sample. In this study, some borrowers probably participated in the DFBS program during the earlier years of sample period, but exited the industry or stopped submitting records to the database before the end of the sample period. In analyzing financial distress models, Zmijweski found selection bias causes no significant changes in the overall classification and prediction rate. Given Zmijweski's results the study does not correct for selection bias and proceeds to estimate the credit evaluation models with the data presented. ment information. The financial information collected includes the essential components for deriving a complete set of the sixteen financial ratios and measures recommended by the Farm Financial Standard Council (FFSC).5 Additional farm productivity, cost management, and profitability statistics for these farms are summarized in Smith, Knoblauch, and Putnam.
Creditworthiness Measures
A key value available in this data set was the planned/scheduled principal and interest payment on total debt. This variable reflects the borrower's expectations of debt obligations for the up-coming year. Having this component facilitates the calculation of the coverage ratio,6 an essential element of this study. The coverage ratio approximates whether the borrower generates enough income to meet all expected payments and is an indicator of creditworthiness. The coverage ratio is based on actual financial statements and has been introduced to credit-scoring models as a measure of creditworthiness, an alternative to loan classification and loan default models' (Novak and s Some of the borrowers reported zero liabilities; therefore, their current ratio and coverage ratio could not be calculated. To retain these borrowers in the sample and avoid values of infinity, the currentratios were given a value of 7, indicating strong liquidity, and the coverage ratio value was bounded to the -4 to 15 interval. The bounded interval of the coverage ratio indicates both extremes of debt repayment capacity.
6If not specified otherwise, the coverage ratio refers to the term debt and capital lease coverage ratio as defined by the FFSC.
7Historically, agricultural credit evaluation models have been predicated on predicting bank examiners' or credit reviewers' loan classification schemes (Johnson and Hagan; Dunn and Frey; Hardy and Weed; Lufburrow, Barry, and Dixon; Hardy and Adrian; Hardy et al., 'Hrrvey and Brown, Oltman). These studies have assessed the ability of statistical, mathematical or judgmental methods to replicate expertjudgment. However, these models present some problems when credit evaluation is concerned. It is difficult to determine whether the error is due to the model or to bank examiners' or credit reviewers' loan classification. These problems are not limited to agricultural credit scoring models (Maris et al,; Dietrich and Kaplan). Some agricultural credit scoring studies have used default (Miller and LaDue, and Mortensen, Watt, and Leistritz). Default is LaDue (1994) ; Khoju and Barry). This indicator of creditworthiness is aligned with cashflow or performance-based lending, as opposed to the more traditional collateral-based lending, and its use has been facilitated by improvements in farm records and computerized loan analysis systems.
The coverage ratio, a quantitative indicator of creditworthiness, needs to be converted to a binary variable in order to assist the lender in making a decision to grant or deny a credit request. Therefore in this study an a-priori cutoff level of 1 is used. A coverage ratio greater (less) than 1 indicates that the borrower did (not) generate enough income to meet all expected debt obligations. Thus, a coverage ratio greater (less) than 1 indicates a creditworthy (less creditworthy) borrowers In addition to the standard annual coverage ratio, two-year and three-year average coverage ratios are employed in this study. The twoyear and three-year average coverage ratios were found to provide a more stable, extended indicator of creditworthiness (Novak and LaDue, 1997). Using the annual, two-year average, and three-year average measures of creditworthiness and an a-priori cut-off value inherently a more objective measure. However, lenders and borrowers can influence default classifications by decisions to forebear, restructure, or grant additional credit to repay a delinquent loan. Borrowers can influence or delay default by selling assets, depleting credit reserves, seeking off-farm employment, and other similar activities. Default is based on a single lender's criteria. Borrowers with split credit can be current with one lender and delinquent or in arrears with another lender. Additionally, the severity of some types of default such as loan losses makes it less than adequate. A lender would be better served to identify these borrowers before such action occurs. Because of these ambiguities surrounding default, an alternative cash-flow measure of creditworthiness is used.
8The terminology "less creditworthy" is used instead of "not creditworthy," because it is recognized that the farms in the data sample have been in operation over a nine-yea period and most of them have utilized some form of debt over this period. The sample represents borrowers from Farm Service Agency, Farm Credit and various private banks, The various lending institutions can be translated into varying degrees of creditworthiness among the borrowers in the sample. Creditworthiness to one lender may be less creditworthy to another. The data can be viewed as a compilation of lenders' portfolios. 
Development of the Creditworthiness Model
In this section the annual, two-year average, and three-year average credit-scoring models are discussed. The annual model uses lagged characteristic values to classify creditworthy and less creditworthy borrowers. That is, the annual model is developed with pooled data using characteristic values for each year from 1985-89 to classify creditworthy and less creditworthy borrowers for the following year of 1986-90, respectively. The models are evaluated using 1990, 1991 and 1992 characteristic values to predict 1991, 1992 , and 1993 creditworthy and less creditworthy borrowers' classifications, respectively, Finally, the predicted creditworthy classifications for 1991, 1992, and 1993 are compared to the actual classifications for the same time period to determine the intertemporal efficacy of the model.
The two-year average model is developed using 1985-1986 and 1987-88 averages of the 9Granted other factors-such as collateral offered and a borrower's credit history, personal attributes,and management ability-also influence credit risk. Many of the other factors listed have to be evaluated, in conjunction with the model, by the loan officer, Creditworthiness models are designed to assist, not replace, the loan officer in lending decisions. recommended ratiosand measures were included in the analysis even though two of the variables, debt/asset ratio and equity/asset ratio, are identical. The choice to include all 16 ratios and measures was based on consistency and completeness.
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used in the model are debt-to-asset ratio, current ratio, and lagged dependent variable. 11
Both estimation methods require the specification of a prior probability. In this study, the proportion of creditworthy borrowers in the total sample determines the prior probability. The values are 0.852, 0.896, and 0.905 for the annual, two-year average and threeyear average periods, respectively. The prior probabilities for average periods demonstrate that the percentage of creditworthy borrowers in the sample data set increases as the average period lengthens.
In addition to prior probabilities, misclassification costs also need to be specified. Previous agricultural credit-scoring models, except for Ziari, Leatham, and Turvey, 12either ignore misclassification costs or assume they are equal. It is not reasonable to assume that the misclassification costs are equal for all types of decisions. The cost of granting, or renewing, a loan to a less creditworthy borrower is typically greater than the cost of denying, or not renewing, a loan to a creditworthy borrower. Estimating these misclassification costs is beyond the scope of this study and the data, but the study does illustrate the classification sensitivity of these costs. The relative costs of Type I and Type II misclassification errors are varied accordingly from 1:1, 2:1, 3: 1, 4:1, and 5:1, with the relatively higher misclassification cost put on the Type I error.'s While the less creditworthy measure used in this model may not be as serious as actual loan losses or bankruptcy of a borrower, there is \ 1TWJother logistic regression models, a stepwise and an "eight variable" model (the latter, was presented in Novak and LaDue, 1994) were also estimated for annual, two-year, and three-year average periods, The results are not repot-tedbecause the parametersdid not always have the expected signs and the withinsample and out-of-sample prediction rates were lower than RPA's and the paramoninous (three variable) logit model's prediction rates for all the comparable time periods.
1z Ziari, Leatham, and Turvey assume the misclassification cost for a noncurrent loan is twice as much as that for a current loan.
]JType I emor is a less creditworthy borrower Classified as a creditworthy borrower and a Type II error is a creditworthy borrower classified as a less creditworthy y borrower. Figure 3 . RPA Tree Using Annual Data still a higher cost associated with loan servicing and payment collection for less creditworthy borrowers.
&

Comparison of RPA and Logit Model Results
Figure 3 presents the classification tree generated from the RPA for the annual time period when the misclassification cost of a type I error is three times greater than a type II error (i.e. 3:1 ). The model is simple. It is comprised of the coverage ratio lagged one period. Borrowers with a coverage ratio greater than 1.50 a year prior are classified as creditworthy and borrowers with a coverage ratio less than 1.50 a year prior are classified as less creditworthy. Put differently, to ensure all payments will be tnade by the borrower in the next year the current coverage ratio needs to be greater than 1.50. In the same figure, below competitor variables selected were debt-to-equity ratio, debt-to-asset ratio, operating expense ratio, and operating profit margin ratio. Figure 4 presents the two-year average classification tree, again using a 3:1 relative misclassification costs ratio, with the higher misclassification cost attributed to a type I error. In this classification tree the repayment margin was selected as the characteristic variable and the coverage ratio was selected as a competitor and surrogate variable. Similar to the annual model, the binary lagged dependent variable and predicted probability of creditworthiness were selected as surrogate variables. The other surrogate and competitive variables selected were net farm income, interest expense ratio, operating expense ratio, and return on equity. Figure 5 presents the classification tree for the three-year average period. Similar to the previous two trees, a 3:1 relative misclassification cost ratio is used. The repayment margin was selected as the primary characteristic variable and the coverage ratio was selected as the first surrogate and competitor variable. In this average time period, the binary lagged dependent variable and predicted probability were not selected as either competitor or surrogate variables. The selected surrogate and competitor variables were operating expense ratio, net farm income, rate of return on assets, current ratio, interest expense ratio, and operating profit margin ratio.
The results are consistent with expectations. In general, most of the surrogate or competitive variables, especially in the twoyear and three-year time periods, represent a borrower's repayment capacity, financial efficiency or profitability. The best indicator of creditworthiness is repayment capacity and the repayment capacity is predicated on operating profits and losses, hence profitability and financial efficiency.
The actual classification trees may at first appear to be a concern. The classification trees have a low number of characteristic variables and in some cases the naive model is selected when relative misclassification costs are low. 14 However, this is consistent with other studies. Frydman, Altman, and Kao found the naive model also did best in classifying their data when misclassification costs were assumed equal, and found that the cross-validation clas-14 RPA selects the naive model when the annual data are used and misclassification costs are 1:1 and 1: 2, and when the two-year average data are used and misclassification costs are 1:1. sification trees had considerably fewer splits than the non-cross-validation classification trees. The largest cross-validation classification tree they estimated had a maximum of three splits. In their study, for exposition purposes the non-cross-validation trees were presented. These trees are aesthetically more appealing.
They are not pruned, have considerably more characteristic values and classify more observations, but of course have less generalization outside the sample data.
The parameters of the logistic regression models are presented in Table 1 . All the parameters for each of the models have the expected sign. In the annual model the debt-toasset ratio and the lagged dependent parameters are significant at the 95% level. In the two-year average model the lagged dependent variable is significant at the 99% level. None of the variables is statistically significant in the three-year average model. Table 2 presents the expected costs of misclassification for each model and level of relative misclassification cost. The RPA model, not surprisingly, does best at minimizing the expected misclassification cost for the withinsample time periods for all relative misclassification costs scenarios. The objective of RPA is to minimize the expected cost of misclassification, while the objective of the logistic regression is to maximize the likelihood function for the specific data set, regardless of misclassification costs. Based on the RPA objective, the nonagricultural financial stress studies Cost of not granting credit to a creditworthy borrower).
have concluded that RPA is a better model than other models. If this study were to conclude here, it would also conclude RPA is a better method of classification. However, this study continues by comparing intertemporal, out-of-sample observations. Using the annual time period data, the RPA model performs best in 1991 for all relative misclassification costs scenarios, and in 1992 and 1993 when the misclassification costs are equal. The annual RPA model with equal misclassification costs is also the naive model. It is interesting to note that previous agricultural credit-scoring studies typically have assumed equal misclassification costs, but did not always compare the estimated model's results with the naive model. In this case, the naive model outperforms the logistic regression model. Nevertheless, the assumption that misclassification costs are equal is not very realistic in credit screening models.
Using the same annual data, the logistic regression model does best at minimizing expected cost of misclassification when misclassification costs are not assumed to be equal. Logistic regression also does best at minimizing the expected cost of misclassification using the two-year average out-of-sample data for each relative misclassification cost scenario, except when misclassification costs are equal. When misclassification costs are equal, then RPA, represented by the naive model, does better. Finally, RPA does best at minimizing the expected cost of misclassification using the three-year average out-of-sample data for each of the relative misclassification costs scenarios. From these results we cannot conclude that either model is superior using this data set. A different data set may have different results and would warrant exploration.
Conclusion
This study introduces RPA to agricultural credit-scoring. The study also demonstrates RPA's advantages and disadvantages in relation to logistic regression. The advantages of RPA include not requiring pre-selected variables, provision of the univariate attributes of individual variables, not being affected by outliers, provision of surrogate and competitive variable summary lists, and explicit incorporation of misclassification costs. On the other hand, logistic regression possesses some desirable advantages over RPA, such as the availability of overall summary statistics and an individual quantitative credit score for each observation.
More significantly, the study only partially corroborates the results of the non-agricultural credit classification studies. RPA outperforms tertemporal (out-of-sample) minimization of expected cost of misclassification as the evaluation method, the same results are not achieved. In some cases RPA outperforms logistic regression and, in other cases, logistic regression outperforms the RPA model. Given the normal use of credit-scoring models, outof-sample evaluation is most appropriate. These findings suggests that cross-validation may not be sufficiently effective to surmount potential overfitting the sample data which limits RPA's intertemporal predictive ability.
This study also considers relative misclassification costs. Previously, agricultural creditscoring research has generally-except for 
